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Abstract
Agriculture faces the challenge of providing food, fibre and energy from limited land
resources to satisfy the changing needs of a growing world population. Global megatrends,
e.g., climate change, influence environmental production factors; production and consumption thus must be continuously adjusted to maintain the producer–consumer-equilibrium
in the global food system. While, in some parts of the world, smallholder farming still is
the dominant form of agricultural production, the use of digital information for the highly
efficient cultivation of large areas has become part of agricultural practice in developed
countries. Thereby, the use of satellite data to support site-specific management is a major
trend. Although the most prominent use of satellite technology in farming still is navigation, Earth Observation is increasingly applied. Some operational services have been established, which provide farmers with decision-supporting spatial information. These services have mostly been boosted by the increased availability of multispectral imagery from
NASA and ESA, such as the Landsat or Copernicus programs, respectively. Using multispectral data has arrived in the agricultural commodity chain. Compared to multispectral data, spectrally continuous narrow-band sampling, often referred to as hyperspectral
sensing, can potentially provide additional information and/or increased sampling accuracy. However, due to the lack of hyperspectral satellite systems with high spatial resolution, these advantages mostly are not yet used in practical farming. This paper summarizes where hyperspectral data provide additional value and information in an agricultural
context. It lists the variables of interest and highlights the contribution of hyperspectral
sensing for information-driven agriculture, preparing the application of future operational
spaceborne hyperspectral missions.
Keywords Agriculture · Hyperspectral · Spaceborne imaging spectroscopy · Food
security · Biophysical and biochemical variables
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1 Current Challenges of the Global Food System
In pre-industrial times, producers and consumers in the food system were identical. Before
the late eighteenth and middle of the nineteenth century, the majority of the European
country’s population settled in rural areas and was occupied with agricultural activities
(Goodwin et al. 2008). Consumption and production of food happened parallel to each
other. Nowadays, global large-scale processes like urbanization, which has exponentially
increased in the last three decades (Chen et al. 2014), have led to a more complex and spatially divided manifestation of the commodity flows. The global food system, whose most
prominent flows are sketched in generalized form in Fig. 1, is supposed to be in a more
or less balanced state between the demand by consumers, who increasingly live in cities,
and the supply by the producers, who farm the land in a predominantly rural environment.
Sites of food production and consumption have become spatially dislocated (Gunasekera
and Finnigan 2010) and are now connected via a globally operating food industry, which
works within food security frameworks that have been established by regional governance
systems (Danbom 1995). The food industry on one side processes agricultural goods and
provides food according to the consumer’s needs, values and preferences, while it steers the
flow of money back to the farmers on the other hand, thus maintaining farm economy.
Profitability is the key of global food production, driving technological and infrastructural investments. In economic terms, agricultural land use, intensification and land
expansion take place, under given regulations, where it is profitable to do so (Byerlee et al.
2014). Market forces increase with the number of farmers connected to the global agricultural markets. Thus, economic and regulatory factors, paired with the underlying continued processes of globalization and global environmental change, determine how much
food will be produced. Farmers work the land and produce agricultural products with
the use of capital, water, energy and technology. The environment, characterized by soil

Fig. 1  Generalization of the most important flows in the Global Food System [modified after www.shift
n.com; figure originally developed for the UK Government Office for Science (GOS 2011)]. It can be
observed that one of the important flows is information, which is partly derived from satellite observations

13

Surveys in Geophysics (2019) 40:515–551

517

fertility, temperature conditions and available water resources, is their main production factor. Farmers thereby increasingly use science and technology (machinery, fertilizers and
plant protection agents, seeds and information, e.g., from remote sensing) to optimize the
use of the naturally available production factors and to improve economic benefit (Walter et al. 2017). Environmental production factors, on the other hand, are subject to climate change and environmental degradation within unsustainable farming systems (FAO
2016). At the same time, a growing and increasingly wealthy global population relies on
the global food system to satisfy daily food, fibre and energy demands. The global megatrends (climate change, population change, technological change, etc.) gradually cause the
supply–demand-balance to shift. The suppliers, i.e. the farmers, are continuously striving
to reinstall the equilibrium by adapting and optimizing agricultural production methods.
Given the current demographic development, farmers are forced to increase the yields
achieved by cultivating a certain acreage of bioproductive land surface, while at the same
time protecting their most important production factor, i.e. the environment, from degradation and from emissions (FAO 2016). The threat emanating from emissions thereby is
based on two different pathways. The leaching of NO3, which has not been taken up by
the crop during growth, pollutes groundwater and thus has a direct effect on human health
(Ritter et al. 2002). At the same time, gaseous emissions of N
 OX enter the atmosphere and
lead to the formation of tropospheric ozone, a greenhouse gas pushing climate change, but
also potentially harming crops directly (Robertson et al. 2013). In addition, emissions from
excessive use of plant protection agents contribute to environmental pollution (Ritter et al.
2002). One recent trend to mitigate these problems in agricultural production is the application of organic farming methods, which do not rely on the application of mineral fertilizers and plant protection agents (Shams et al. 2017). However, organic farming still is a
trade-off between increased environmental protection and reduced overall yields and yield
security. Besides organic production, site-specific precision farming is another farming
perspective (Blackmore 1994). Thereby, all means of production are spatially optimized to
prevent unnecessary expenses and unwanted emission at the same time. Precision farming
is an important component of smart farming, which aims at an information-driven optimization of all aspects of a farming system (Bach et al. 2016). Some of the most important
applications of smart farming are:
• Using computer-aided information technology, such as Farm Management Information Systems (FMIS), for administration and documentation of work helps the farmer to
keep track of expenses on and revenues from individual fields (Zhang et al. 2002).
• Using satellite-guided precision navigation prevents overlap between driving lanes and
helps optimizing the distribution of different machines on the farm thus saving fuel and
person-hours (Zhang et al. 2002).
• Using long-term Earth Observation helps to identify different soil qualities on a farm
and thus helps to optimize soil sampling (Plant et al. 2000).
• Using long-term Earth Observation also helps to identify persistent growth patterns,
which indicate the variability of different growth conditions on a farm (e.g., www.
talkingfields.de/en/base-map/). This information can be used for the planning of longterm soil enrichment measures, such as increasing soil organic matter content through
ploughing green manure. It also can be applied for site-specific planning of seeding
density.
• Using real-time Earth Observation, either from satellites, planes, drones or vehicles,
can contribute to site-specific planning of four very important management measures
(Mulla 2013), as there are (1) fertilization (e.g., Cidad et al. 2001), (2) plant protection

13

Surveys in Geophysics (2019) 40:515–551

518

(e.g., Herwitz et al. 2004), (3) irrigation (e.g., Calera et al. 2017), and (4) harvesting
(e.g., Yang et al. 2013). Thereby, so-called map-overlay approaches combining different data sources, e.g., satellite sensors and ground-based sensors, seem to represent the
most promising method (Auernhammer et al. 1999).
Precision farming thus holds potential for increasing yields on limited land while at the
same time-saving resources and preventing environmental pollution (Plant et al. 2000).
Current studies show that increased yield levels not necessarily need to be connected to
environmental degradation (see review Balafoutis et al. 2017). The so-called green water
productivity (kg grain produced per kg water used) has been observed for wheat, rice and
maize crops to more or less linearly increase with rising yield levels until an average yield
level of 8 tons per hectare is reached (Rockström et al. 2007). Above this point, no further increase in the green water productivity can be observed. Sustainability thus becomes
a matter of balancing yield levels in a dimension around this average, because obviously
low yield levels, which do not make efficient use of the environmental production factors,
are just as unsustainable as too high yields, which drain the natural resources and lead to
degradation.
One very important aspect of precision farming is that the method not only is associated
with ecologic advantages but also economic profitability can be increased through sitespecific farming (Balafoutis et al. 2017), which makes an actual large-scale implementation
of precision farming likely. However, the most efficient use of the land surface and thus
the most economic and ecologic profit, can only be achieved by farmers who have access
to all information concerning the individual needs of their worked land. While in some
parts of the world smallholder farming is still the dominant form of agricultural production
(Lowder et al. 2016), in developed countries the use of digital information for the highly
efficient cultivation of large areas has become part of agricultural practice in recent years
(Walter et al. 2017). Thereby, the use of satellite data to support site-specific management
is a major trend at least in some developed countries. For instance, in the USA, the market
area share of satellite data has tripled during the last 10 years, as can be observed in Fig. 2.

Fig. 2  Development of market area using precision services over time as estimated by dealers of farm
equipment in the USA (2018 predicted), showing the strong increase in use of satellite-based information
technology in agricultural practice; based on data by Erickson and Widmar (2015)
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Although the most prominent use of satellite technology in farming still is navigation via
GNSS (Global Navigation Satellite Systems, e.g., for GPS-based soil sampling, see Fig. 2),
also Earth Observation (EO) has been increasingly applied (Satellite imagery, Fig. 2). The
highest share, however, is allotted to custom applications, which are individually tailored to
the information needs of the farmer and which, according to Erickson and Widmar (2015),
in many cases also are based on satellite-derived data (e.g., field mapping with GPS) but
also on statistical data (e.g., yield monitor analysis). Some operational services have been
recently established, which provide farmers with decision-supporting spatial information,
e.g., talkingfields (VISTA, Germany; Bach and Angermair 2017; Bach and Mauser 2018)
or Irrisat (Ariespace, Italy; Ariespace 2017) etc. The development of these services has
mostly been boosted by the increased availability of (cost-free) multispectral imagery from
NASA and ESA, such as the Landsat or Copernicus programs, respectively. Using multispectral data has arrived in the agricultural commodity chain. This development comes
along with new challenges such as handling big data. Currently, the large amount of data is
mostly due to high revisit rates at reasonably high spatial resolution (e.g., Sentinel-2). The
big data load so far is not so much due to a detailed spectral sampling of the Earth’s surface, although spectrally continuous narrow-band sampling, often referred to as hyperspectral remote sensing (HRS) or imaging spectroscopy (IS; Goetz et al. 1985), can potentially
provide additional information and/or increased sampling accuracy compared to multispectral data. Since a few years, HRS-IS technologies have been well accepted by the remote
sensing community as an innovative tool for various research applications, not only in agriculture but also in atmospheric sciences, geology, ecology, soil science, limnology, pedology and other areas. However, due to the lack of large-scale hyperspectral EO systems,
these advantages mostly are not yet used in practical farming. With some new spaceborne
hyperspectral missions being currently developed, e.g., the Italian PRISMA (Labate et al.
2009), US HyspIRI (Roberts et al. 2012), or the German EnMAP (Guanter et al. 2015), the
availability of hyperspectral data and its use and application in practical farming will soon
be demonstrated and scientifically justified with on-farm research.
This paper summarizes where hyperspectral data can provide additional value and
information in an agricultural context. It lists the variables of interest, reviews the retrieval
methods and highlights the additional value of hyperspectral sensing for agricultural applications, thus preparing the application of operational spaceborne hyperspectral missions in
modern agriculture.

2 Earth Observation Opportunities to Support Food Production
Efficiency
“Remote sensing data can greatly contribute to the monitoring task by providing timely,
synoptic, cost-efficient and repetitive information about the status of the Earth’s surface”
[Justice et al. (2002) in Atzberger (2013)]. The basis for retrieving information in a spatial
way from multispectral data is the assumption of a relation between structural and biochemical traits that describe the state of the canopy and the spectral reflectance that results
from the specific variable composition (Mauser et al. 2012). From an agricultural point of
view, soil and vegetation properties are of special interest. Observing soils with hyperspectral observation systems for instance allows retrieving information on soil organic carbon
and soil iron-oxide content (Stevens et al. 2010), which both can be important indicators for
soil fertility. However, the impact of soil analysis through remote sensing for agricultural
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practice is strongly limited due to three reasons: (1) Retrieval of soil organic carbon content is highly influenced by the current moisture state of the soil, because different moisture
states strongly influence soil brightness. Soil moisture, however, is very variable in space
and time so that difficulties arise when acquisitions should be compared to in situ measurements (Stevens et al. 2010). (2) Optical sensors operating in the visible (VIS), near-infrared
(NIR) and shortwave-infrared (SWIR) are not capable of penetrating the canopy, so soil
observations are only feasible for surfaces with very low vegetation coverage (Haubrock
et al. 2008). This excludes analysing permanent crops and strongly limits continuous soil
monitoring during the growth cycle. (3) Sensors in the VIS, NIR and SWIR domain also
are not capable of penetrating the soil surface. The information that might be extracted
from optical remote measurements of the soil is restricted to the uppermost soil surface
(Haubrock et al. 2008). The true production potential of soils nonetheless lies in the deeper
soil horizons that are accessed by the roots of the canopy and which provide water and
nutrients to the crop. However, this hidden information on soil column properties becomes
secondarily accessible when the plant itself is used as sensor, because the vigour of plants
sensitively reacts to soil-related environmental conditions, e.g., to drought and nutrient
stress (Basu et al. 2016). In order to make use of the plant response, the relation between
crop biochemical and structural traits and the reflectance must precisely be known. It is
a commonly promoted limitation of vegetation remote sensing that the spectral signal of
actively growing vegetation looks pretty similar across a wide range of different plant types
and cultivars (e.g., Nidamanuri and Zbell 2011; Wilson et al. 2014; Zomer et al. 2009).
This similarity in the opinion of the authors should not be perceived as drawback, but
should rather be interpreted as proof that the underlying physical and chemical processes
that contribute to vegetation growth on the Earth’s surface (light collection, gas exchange,
phenological cycles, carbon assimilation and allocation) more or less apply uniformly for
all vegetation types. Due to these uniformly and globally applicable mechanisms, the states
of those vegetation variables that leave traces in the spectral reflectance of the canopy can
potentially be observed by remote sensing and, consequently, can be analysed through noncrop-specific approaches. Figure 3 gives an overview of spectral domains, which respond
to changes in specific vegetation variables, regardless of vegetation type and cultivar.
Figure 3 supports two important findings: (1) Information contained in a vegetation
spectrum is rich and diverse. It reaches from biochemical information (pigments and water
content) over process information (light use efficiency, LUE) to structural information (leaf
area index, LAI, leaf inclination, etc.). (2) The partial disagreement between the hyperspectral and the multispectral reflectance spectrum indicates the limited information content of
multispectral sensors for diverse vegetation properties and processes. Very advanced multispectral EO systems, such as ESA’s Sentinel-2, already allow deriving valuable information of vegetation properties, e.g., shown by Clevers et al. (2017), Frampton et al. (2013),
Herrmann et al. (2011), Vuolo et al. (2016). Nevertheless, hyperspectral sensors, dealing
with narrow spectral bands over a continuous spectral range, will be able to detect properties more accurately, especially in the VIS and SWIR domain. Characteristic shapes of
individual absorption features caused by diverse biochemical or biophysical plant components may be located spectrally very close to each other. In contrast to hyperspectral data,
broadband scanners are not able to resolve the specific wavelength position of these features, which relate for instance to several pigments (anthocyanins, carotenoids) or proteins
[see studies from Kokaly et al. (2007), Kokaly and Skidmore (2015), Sahoo et al. (2015),
Thenkabail et al. (2000)].
Potentially, all information contained in the spectrum is of interest to farmers. The
value of specific variables, i.e. biophysical or biochemical products, for practical precision
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Fig. 3  Spectral domains that respond to changes of specific variables in vegetation [absorption lines modified after Thenkabail et al. (2013)]. The vital vegetation (Triticum aestivum) spectra in the background are
displayed for a quasi-continuous spectral resolution of an ASD FieldSpec4 Standard (black solid line), for a
multispectral configuration corresponding to the spectral bands of ESA Sentinel-2 (black dashed line) and
for the narrow-band configuration of the future EnMAP Hyperspectral Imager (red crosses). In the case of
vital vegetation, specific absorptions of, e.g., cellulose and lignin are obscured by water absorptions in the
SWIR and only can be detected when the crop is senescing (see Fig. 4)

farming depends on the scientist’s capabilities of retrieving a variable with adequate precision. In order to unlock the information contained in the hyperspectral readings as biophysical and biochemical products for precision farming purposes, several steps are required.
This includes the choice of a suitable and capable retrieval method that also accounts for
measurement errors of the radiometric data (sensor noise) and field validation data (sampling errors, natural heterogeneity; Baret and Buis 2008). The retrieval process further
deals with complex reflectance anisotropies (Walthall 1997), discriminates the signal
of overlapping absorption features and finally yet importantly follows the direct relation
between cause and effect. For this purpose, physical laws were established inferring biophysical and biochemical variables based on specific knowledge, typically obtained with
radiative transfer functions (Verrelst et al. 2015).
The abundance of information that can potentially be derived from vegetation spectra has to be carefully selected for applications in agricultural practice. In short, remotely
measured information that is of direct relevance for practical farming should meet four
criteria:
1. The derived information must be biophysical/biochemical in the sense that it can be
described in physical units: “In particular, the broader availability of air- and spaceborne directional imaging spectrometer data supports the estimation of biophysical and
biochemical variables with unprecedented accuracy and in calibrated physical units…”
(Schaepman et al. 2005). Relative measures, as they are, e.g., derived via vegetation
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indices, are of marginal help in agricultural practice, because comparability and transferability are limited (Baret and Buis 2008).
2. The derived information must be directly observable in the spectrum. This means that
a direct relation between state variable and the reflectance in a specific spectral domain
exists, which can be analysed using different retrieval methods (for a review, see Verrelst
et al. 2015).
3. The derived information must be retrievable at a generalized level independent from
specific cultivars, because cultivars in most cases are not known to the analysers and thus
cannot be taken into account during the retrieval. Generalization capabilities of inversion/retrieval methods are discussed by Durbha et al. (2007) and Kimes et al. (2000).
4. The derived information must be of importance for practical farming (Moran et al.
1997).
The following section aims to identify the biophysical and biochemical variables that are
relevant for practical farming according to the criteria mentioned above. The variables are
described and their importance for practical precision farming is elaborated. Section 3.1
describes the biochemical leaf (canopy) variables, Sect. 3.2 the canopy biophysical variables and Sect. 3.3 is dedicated to the two variables soil and land use.

3 Overview of Biophysical and Biochemical Variables with Direct
Relevance for Practical Farming
Providing an overview of the diversity of agriculturally relevant information addressed in
the context of this review paper, Table 1 lists the different variables together with their most
commonly used physical units, highlights the variable’s respective use in practical farming
and compares field and remote sampling techniques with special emphasis on the benefits
expected from imaging spectroscopy. Note that the variables and retrieval techniques listed
in Table 1 primarily apply to homogeneous crop farming. With this, we refer to uniformly
cultivated fields at least in the size of several pixels captured by imaging spectrometers. For
smallholder farming and geometrically complex crops, other scanning techniques, such as
unmanned aerial vehicles (UAV) or low-altitude manned aircrafts, are more appropriate
and different types of variables can be derived from such high spatial resolution imagery.

3.1 Leaf and Canopy Biochemical Variables
3.1.1 Leaf/Canopy Chlorophyll Content
Leaf chlorophyll content (LCC) usually is measured in units of µg chlorophyll per c m2
leaf area, whereas canopy chlorophyll content (CCC) is measured in g chlorophyll per m2
ground area. Both variables indicate the presence of chlorophyll pigments in vegetation.
Since chlorophyll is the pigment responsible for the absorption of energy, the abundance
of chlorophyll indicates the potential of a plant cell to provide energy for photosynthetic
processes and thus forms the basis for vegetation growth on the Earth’s surface (Peng et al.
2017). Leaf chlorophyll content and canopy chlorophyll content are one of the most important variables for farming. Because chlorophyll molecules are constructed with the help of
four nitrogen atoms in the chlorine-magnesium ligand, a direct relation between the nitrogen supply and the accumulation of chlorophyll exists. CCC was therefore recognized as a
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Definition

Leaf carotenoid content

Leaf anthocyanin content

Leaf protein content/nitrogen
content

Leaf Mass Area

Ccx

CANTH

Cp/N

LMA

EWT/CWC Equivalent Water Thickness,
Canopy water content

Leaf/Canopy Chlorophyll
Content

LCC/CCC

Canopy/leaf biochemical variables

Variable

Nutrient monitoring

Disease monitoring, air pollution

[µg cm−2 leaf surface]

[µg cm−2 leaf surface]

[mm]

[kg m−2 leaf surface]

Maturation monitoring, Irrigation monitoring in humid
environments

Growth modelling, phenological monitoring

[µg cm−2 leaf surface]/% Fertilization planning, growth
regulation

Nutrient monitoring

Use in farming

[µg cm−2 leaf surface]
[g m−2 canopy surface]

Physical unit

Potential of hyperspectral sensing

Continuous sampling of VIS
Destructive: extraction via
and red edge leads to better
organic solvents
discrimination of different
Non-destructive: SPAD1
pigments
CCC: LCC multiplied with leaf
area index (LAI), measured
with LI-COR2
Destructive: extraction via
Continuous sampling of blue
organic solvents
and red edge spectral domains
leads to better discrimination
of different pigments
Liquid chromatography in the
Pigment content can only be
laboratory
measured by sensors with high
spectral resolution in the VIS
Dumas combustion/Kjeldahl
Canopy chlorophyll content is
digestion method (nitrogen)
a proxy of canopy N during
vegetative phase. Exploitation
of protein absorption features
in the SWIR still not fully
explored
Cutting and drying until conCan only be assessed via spectral
stant weight, Planimetry
models, which per se are of a
hyperspectral nature
Cutting and drying until conHyperspectral observations of
stant weight
the different water absorption
features allow discriminating
the three phases of water: gas,
liquid, ice

Field sampling technique

Table 1  Biochemical and biophysical variables with relevance for agricultural management, which are measured by optical Earth Observation, including their most commonly
used physical units, their use in practical farming, common field sampling techniques and the potential of hyperspectral measurements for their retrieval
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13

Fraction of absorbed photosyn- [%]
thetically active radiation

fAPAR

Sun induced chlorophyll fluorescence

Fractional Cover

fCOVER

SIF

Average surface reflectivity

Albedo

[mW m−2 sr−1 nm−1]

[%]

[%]

Average Leaf inclination Angle [°]

[m2 leaf surface
m−2 ground surface]

ALA

Canopy biophysical variables
LAI
Leaf Area Index

Non-photosynthetically active Relative change
vegetation (lignin + cellulose)

NPV

Physical unit

Definition

Variable

Table 1  (continued)
Field sampling technique

Multiple stress monitoring

Growth modelling, nutrient
monitoring, Phenological
monitoring

Erosion monitoring

Energy balance modelling

Phenological monitoring/
drought monitoring

Biomass monitoring

Field spectroscopy

Vertical photographs, planimetry
Line quantum sensors

Inclinometer, high-resolution
horizontal photograph interpretation
Double pyranometer

Destructive: Leaf traps, leaf
scanning
Non-destructive: Li-Cor

Cutting, drying and weighing
Crop residue assessment
(Carbon/Nitrogen storage),
crop response to seasonal and
long-term drought

Use in farming

Continuous spectrum can be
integrated
Hyperspectral approaches reduce
ambiguity in spectral unmixing
Hyperspectral observations allow
for integrating over the photosynthetically active spectral
range.
Impossible with multispectral
sensors. Hyperspectral observation systems with < 3 nm
spectral resolution required

Continuous sampling in red
edge and NIR regions provides
required retrieval accuracy:
Discrimination of structural and
chemical variables is improved
Discrimination of angular effects
is improved
Hyperspectral approaches reduce
ambiguity in retrieval

Spectral resolution ≤ 15 nm in
the SWIR required to resolve
cellulose and lignin absorption
features

Potential of hyperspectral sensing
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2

1

[%]

Nutrient modelling

Documentation

Use in farming

LAI-2200C handheld non-destructive Plant Canopy Analyzer by LI-COR Biosciences Inc.

SPAD-502Plus handheld non-destructive Chlorophyll-Meter by Konica Minolta Business Solutions Inc.

Soil organic carbon content

SOC

Physical unit

[class]

Definition

Soil and land cover variables
LULC
Land use/land cover

Variable

Table 1  (continued)

Destructive laboratory analysis

Field mapping, statistics

Field sampling technique

Better discrimination of cultivars
through precise spectral measurements
Water absorptions must be
resolved to discriminate
between soil moisture and soil
organic carbon content

Potential of hyperspectral sensing
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valid proxy for canopy nitrogen content (Baret et al. 2007; Clevers and Gitelson 2013) and
crop primary production (e.g., Gitelson et al. 2006; Peng et al. 2011). Increasing levels of
chlorophyll in the crop indicate the amount of nitrogen that has successfully entered the
canopy and thus has contributed to the construction of proteins and light-harvesting pigments. This balance is summarized under the term nitrogen use efficiency (NUE). Rapidly
generating high levels of chlorophyll content thus has ecological and economic advantages.
On the other hand, over-fertilization can result in unhealthy accumulation of chlorophyll
in the leaves, i.e. necrosis, or in weakened structural stability, i.e. lodging, which again
inhibits growth. Hyperspectral sensors, due to their continuous sampling of the VIS and
red edge spectral domain, are ideally suited to measure leaf chlorophyll content (Gitelson et al. 2003), which is the reason why spectrometers are the tool predominantly used
for chlorophyll measurements in laboratory analysis, where the easily soluble chlorophyll
can be extracted from the plant tissue using organic solvents (Parry et al. 2014). Satellites,
however, observe the canopy as a whole from above. This synoptic view of the canopy is
accompanied by ambiguity problems, since for specific spectral domains interaction effects
among multiple vegetation traits on measured reflectance exist (Combal et al. 2003).
From a practical farming point of view, the leaf chlorophyll content is the most important
information for planning fertilization measures during the vegetative phase (Arregui et al.
2006). The challenge remains to discern between structural and chemical traits of the canopy (e.g., Daughtry et al. 2000; Haboudane et al. 2002). This can only be achieved through
hierarchical retrieval methods, which take the continuous spectrum into account and where
structural canopy properties are determined first and chemical properties are delineated
through secondary retrieval iterations, (e.g., Danner et al. 2017).

3.1.2 Total Leaf Carotenoid Content
The total carotenoid content of leaves (Car) is mainly composed of the xanthophyll cycle
pigments and carotenes. They play an important role in photoprotection, accessory light
harvesting and energy transfer (Gitelson et al. 2002; Kong et al. 2017). Carotenoids are
present in variable proportions during the differentiation and ageing of leaves, but abiotic stress can inhibit carotenoid production. This includes, for instance, ozone or sulphur
dioxide air pollution (Agrawal et al. 1982), heavy metals (Panda et al. 2003), viral attacks
(Ibdah et al. 2014) or water deficiency (Mibei et al. 2017). Therefore, carotenoids may
serve as indicators for down-regulation of photosynthesis due to environmental stressors.
A review study by Blackburn (2007) confirmed the growing value of hyperspectral
remote sensing for plant pigment estimations in ecophysiology, environmental, agricultural
and forestry sciences. Extraction of biochemical properties has been accomplished from
hyperspectral data using various methods. Thereby the presence of carotenoids is commonly expressed in different units, e.g., as mass per unit surface area (g m−2), as mass
per unit leaf area (g cm−2), or as mass per unit fresh leaf weight (mg g−1) e.g., by Yi et al.
(2014).
Compared to leaf chlorophyll, there are much fewer studies estimating leaf carotenoid
content (Yi et al. 2014) and even less dealing with agricultural crops. Generally, the benefit
of hyperspectral data for separating the subtle signals of the different pigments was recognized by several studies (Blackburn 1998; Chappelle et al. 1992; Feret et al. 2008).
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3.1.3 Total Leaf Anthocyanin Content
Anthocyanins are the most common class of flavonoids. They are responsible for the
orange to red, or purple to blue coloration in the tissue depending on the molecule, temperature and pH value, as it can be found, for instance, in blueberry, raspberry, black rice
or black soybean (Tanaka et al. 2008). From all the red pigments, including carotenoids
and betalains, anthocyanins are the most widespread. Though the full role of anthocyanins
still is not completely understood, some essential functions of these pigments have been
identified, such as protection against photoinhibition from intense light and mitigation of
environmental stresses such as freezing or air pollution. In crops, anthocyanins typically
are present when the plants are suffering from drought, freezing or nutrient deficiency (Lee
and Gould 2002; Springob et al. 2003).
Leaf anthocyanin content was introduced in the latest version of the leaf optical properties model PROSPECT-D (Féret et al. 2017). The model simulates directional–hemispherical reflectance and transmittance for the spectral range from 400 to 2500 nm and, besides
the anthocyanin content, requires leaf chlorophyll content, a leaf structure parameter, carotenoid content, brown pigments, equivalent water thickness and leaf mass per unit area as
inputs. Variables can be retrieved from measured leaf spectra by model inversion or from
canopy spectra by coupling PROSPECT-D with a radiative transfer model, such as 4SAIL
(Jacquemoud et al. 2009; Verhoef and Bach 2003). The use of the model for anthocyanin retrieval is limited to hyperspectral data with high spectral resolution in the VIS spectral domain. The use of narrow-band vegetation indices allows quite accurate retrieval of
anthocyanin content against the background of very variable chlorophyll content (Gitelson
and Solovchenko 2017; Gitelson et al. 2001, 2009).

3.1.4 Leaf Protein Content/Nitrogen Content
With rubisco accounting for 30–50% of nitrogen (N) in green leaves, proteins are the principal N-containing biochemical constituent of plants (Kokaly et al. 2009). Nitrogen, on
the other hand, is probably the most important nutrient that plants acquire from the soil.
A proper management of nitrogen is a prerequisite for sustainable fertilization in modern
agriculture: optimal crop yield from, e.g., high-quality grains, can only be obtained with
high uptakes of N (Barraclough et al. 2010). Nitrogen deficiency leads to decreased photosynthetic assimilation and to reduced crop yield in terms of quantity and quality (Jay et al.
2017). Hyperspectral data have been recognized as a promising tool for the non-destructive
detection of crop nitrogen for several reasons: the wavelengths important for nitrogen estimation have been found over the whole spectrum due to correlation between nitrogen and
other variables (Curran 1989; Homolová et al. 2013). The absorption features of nitrogencontaining biochemical leaf components, such as LCC (6.5% by weight) and proteins may
serve as proxies for crop N. The chlorophyll absorption features in the VIS and red edge
can be used for nitrogen estimation due to a close relationship of LCC to N during early
growth stages (le Maire et al. 2008). During senescence, however, the decomposition of
light-harvesting pigments and the translocation of N from leaves, stems and roots lead to
gradual changes in the spectral signal of VIS and NIR without being connected to significant changes of total N in the plant. Moving away from the leaf level perspective towards
the integration of the full canopy within a specified surface, area acted as a normalization factor, improving the N versus Chl relationship. A very strong linear relationship was
established across growing seasons between maize N and Chl contents at the canopy level
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(Schlemmer et al. 2013). While monitoring crop nitrogen uptake during the early vegetative growth phases is of major importance for the planning of fertilization measures,
nitrogen monitoring during senescent growth stages provides valuable information on
yield quality. Continuous information of crop nitrogen during the different growth stages
would consequently be of high economic impact. Absorption features of proteins can be
found in the SWIR. Recently, protein absorption coefficients also have been integrated into
leaf reflectance models and first applications for woody and herbaceous species have been
explored (Wang et al. 2015). However, protein absorptions are very shallow and are largely
obscured by water absorption features, so that measuring protein content from crop canopies with spectroscopy remains a challenge.

3.1.5 Leaf Mass Area
Leaf Mass Area (LMA) denotes the relation of leaf mass to leaf area in a unit of kg dry
matter per m2 leaf area. In some publications also its reverse is used, i.e. specific leaf area
(SLA, leaf area per unit dry mass; e.g., Ali et al. 2017). This fundamental leaf functional
trait plays a key role in ecosystem modelling (Ali et al. 2017; Asner et al. 2011). LMA is
a measure of the leaf composition: the first leaves developed by a plant at the beginning of
its individual growth cycle usually are rather lightweight, so that the area available for the
interception of solar radiation expands rapidly during early growth phases. During later
development stages, plants tend to invest more biomass into the structural stability of the
leaves, causing the LMA to increase over the course of a growing period and, depending
on the crop type, also with increasing LAI of the canopy. However, this process is highly
crop-specific and can only be observed through labour-intensive destructive measurements,
so that only few data on this variable exist.
LMA is an essential indicator of plant functioning, including photosynthetic and respiratory rates, chemical composition or resistance to herbivory (de la Riva et al. 2016). The
importance of LMA for farming compared to the other variables is therefore rather indirect
but nonetheless important, in particular regarding the relationship of LMA to photosynthesis–nitrogen relationships (Poorter and Evans 1998).
The spectral recognition of LMA is difficult, because the effect caused by increasing
LMA in the leaf reflectance spectrum results in a gradual decrease in reflectance in the
NIR shoulder region. A similar effect is achieved by the variations of other structural canopy variables, such as LAI and ALA, and is influenced by illumination/viewing angles.
Consequently, a study by Asner et al. (2011) demonstrated that the best-suited wavelengths
for accurate LMA determination are found in sections of the spectrum, where the overlap effects with other variables are less pronounced, i.e. in the shortwave-infrared (SWIR)
between 1900 and 2500 nm and from 1300 to 1700 nm, as well as in the visible region
from 400 to 800 nm. A derivation of LMA from spectral measurements thus is only possible if (1) the full spectrum is taken into account, and (2) all potentially confounding variables are retrieved simultaneously. This can best be achieved through inversion of canopy
reflectance models exploiting the full spectral data cube, such as PROSAIL (Jacquemoud
et al. 2009) or SLC (Migdall et al. 2009; Verhoef and Bach 2007).

3.1.6 Equivalent Water Thickness/Canopy Water Content
The variable Equivalent Water Thickness (EWT) or leaf water content describes the
thickness of a theoretical layer of water (in cm), which absorbs radiation according to
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the Lambert–Beer law (Nobel 2009). Thus, EWT corresponds to the volume of water
that is stored within the cells of living vegetation.
A well-known problem is the decoupling of the spectral signal of the three different
aggregate states of water, which is necessary for a correct retrieval of EWT. A study
showed that the use of hyperspectral data can strongly support the simultaneous estimation of the abundance of gaseous, liquid and frozen water for a defined environment
(Green et al. 2006). The authors obtained uncertainties < 1.5% for all three phases,
but there were still problems in retrieving the liquid water in vegetation, making more
research in this domain necessary.
For a remote sensor with a defined field of view, it is difficult to decouple the contributions of leaf water content and LAI. Thus, the total canopy water content per unit
ground area (CWC, g m−2), rather than leaf EWT is usually “observed” or retrieved
(Clevers et al. 2010). CWC is a measure for the moisture state of a canopy, which is of
interest for practical farming in two aspects:
First, CWC is a variable that describes the maturity state of a crop. Depending on
the crop type, crops are harvested at specific thresholds of residual moisture (e.g.,
Peters 2012). This guarantees optimal storage stability and documents the yield quality
in the sense of the true net weight of the harvest. Assessing the residual moisture in a
spatially explicit way through remote sensing enables farmers to develop harvesting
strategies, e.g., which field or which part of a field to harvest first, and to document
the quality of the harvest. Actually, modern harvesting systems already are measuring residual moisture during the harvesting process with infrared sensors installed in
combine harvesters (Peters 2012). However, the proximity of the measurement leads
to failures, such as clogging of the grain elevators, and the sampling occurs more or
less at random and not in a spatially comprehensive way, so that these measurements
still are of limited use. Deriving spatial maps, which describe the temporal dynamics
of residual moisture based on satellite data, thus would be of high interest for practical
farming.
Secondly, CWC can be used to monitor irrigation, which causes significant environmental changes in many parts of the world. Precise information on the extent of irrigation measures is fundamental for global change research, where, e.g., water exchange
between the land surface and the atmosphere is explicitly modelled to assess impacts
on global food security (Ozdogan et al. 2010). In arid environments, irrigation can be
easily detected, because vegetation only prevails in irrigated areas. In humid environments, such as the temperate zone or even within the boundaries of irrigated fields,
however, detecting irrigation becomes more difficult (Ozdogan et al. 2010). Only few
studies have approached the problem of irrigated area mapping in humid areas (e.g.,
Thenkabail et al. 2005). Although CWC and EWT are directly connected to the water
supply state of crops and the use of CWC or EWT to monitor drought seems rational,
the variable may not be directly suited as early drought indicator. This is due to the
fact that one of the earliest reactions of plants to water deficit is the maintenance of
EWT through stomatal control (Yang and Ling 2004). A decline in EWT, as it can be
detected with hyperspectral sensors, thus can be used to document the dehydration of
the tissue, but the signal would be detected at a too late point in time to initiate counter management measures. Thermal imaging systems are far better suited to indicate
early signs of drought based on the leaf energy balance (Prashar and Jones 2016). For
instance, the crop water stress index (CWSI) proved to detect drought stress earlier
than EWT estimates (Yang and Ling 2004).
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3.1.7 Non‑photosynthetically Active Vegetation (Lignin + Cellulose)
Non-photosynthetically active vegetation (NPV) elements refer to vegetation compounds that cannot perform photosynthesis, such as plant litter, crop residues, senescing
foliage, branches and stems (Zhaoqin and Xulin 2015). NPV is mainly composed of
lignin, cellulose and starch, being the most abundant molecules produced by terrestrial
photosynthesis. Therefore, the importance of estimating NPV, or vegetation brownness,
for understanding terrestrial ecosystem dynamics and changes is evident (Dennison
et al. 2016; Okin 2010). For agricultural applications, NPV is particularly interesting
in three aspects: (1) Variations in NPV—or the ratio of vital to senescent foliage—can
indicate (seasonal) drought events. (2) Non-photosynthetic crop residues on the soil
surface significantly reduce soil erosion and enhance soil organic C through improvement of the soil structure. (3) Non-photosynthetic crop residues may contain significant
amounts of nitrogen, which enter the soil through ploughing and which must be taken
into account when balancing the nitrogen inputs during the following season.
Effective crop residue management systems therefore require rapid site-specific
quantification of crop residues over large areas, which can only be obtained with the
help of remote sensing technologies (Daughtry et al. 2005). Several studies developed
hyperspectral indices for NPV estimation, which are based on the absorption features of
cellulose and lignin in the SWIR. For a review of the topic, e.g., see Zhaoqin and Xulin
(2015). Comparable to the nitrogen absorption features, the cellulose and lignin absorptions overlap with other variables, e.g., with atmospheric water vapour, and thus must
be analysed with high spectral resolution in the SWIR. Figure 4 shows that spectral
signatures of soil and NPV, depending on the soil brightness, may appear very similar in
VIS and NIR (Fig. 4a, c) or in the SWIR (Fig. 4b, c), respectively. The narrow cellulose
absorptions in the SWIR, which cannot be discriminated by broadband sensors (dots in
Fig. 4), must be resolved to discriminate between soil and crop residues.

Fig. 4  Comparison of spectral signatures of senescent cereals (a), crop residues (b) and bare soil (c). The
spectra were recorded by the airborne spectrometer AVIRIS (AVIRIS-NG acquisition from 09 October
2016, displayed in true colour, https://avirisng.jpl.nasa.gov/alt_locator/, downloaded 14 February 2018).
The dots indicate the reflectance signal, if the AVIRIS spectrum is degraded according to the spectral
response function of the Sentinel-2 MSI. It can be observed that high spectral resolution in the SWIR is
required to discriminate between non-photosynthetic biomass and soil via the lignin and cellulose absorptions at 2090 and 2310 nm
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3.2 Canopy Biophysical Variables
3.2.1 Leaf Area Index
Leaf Area Index (LAI) denotes the one-sided leaf surface area per square metre ground
area, as firstly defined by Watson (1947). LAI has a physical unit of m
 2 leaf surface per m2
ground surface and therefore is a dimensionless quantity. This variable is of specific importance for practical farming, since LAI defines the leaf surface that is available for exchange
processes between the leaf mesophyll and the atmosphere. The entire flux of CO2 and O2
as well as the absorption and emission of radiative energy are scaled via the LAI (Breda
2003). LAI therefore is an important input variable for carbon assimilation models and it
helps identifying phenological progress (e.g., Savoy and Mackay 2015), and the accumulation of biomass (e.g., Hank et al. 2015; Vaesen et al. 2001).
For definition, the variable LAI considers the entire leaf surface regardless of the leaf
state. LAI therefore must be distinguished from green LAI, which only takes the photosynthetically active leaf surface (i.e. the parts of the canopy that are characterized by the
presence of chlorophyll) into account (Haboudane et al. 2004). Additional confusion may
arise from using Plant Area Index (PAI; Jonckheere et al. 2004). While the LAI by definition is limited to the leaf fraction of canopies, the PAI takes into account that also stems
and fruits contribute to the canopy surface and, at least during some phenological phases,
also bear chlorophyll and stomata. Remote sensors, observing the canopy from a large distance, receive mixed signals from all components of the canopy. Moreover, the possible
non-random position of all canopy elements, called “clumping effect”, influences the spectral signal. Without correcting for clumping, the green LAI or PAI should be considered
as effective LAI (or PAI; Chen and Black 1992; Richter et al. 2009). Nevertheless, the leaf
surface normally is the most prominently visible physiological element and hence optical
sensors are well suited to measure LAI (Jonckheere et al. 2004; Zheng and Moskal 2009).
Variations in LAI cause variations in reflectance in visible, red edge and the NIR spectral
domains (Berger et al. 2018; Richter et al. 2012; Viña et al. 2011). The more leaf layers are
stacked on top of each other, the higher the reflectance in the NIR will become until saturation occurs (Neuwirthová et al. 2017). LAI retrieval methods consequently are based on
quantifying the height of the NIR shoulder. Empirical relations between Normalized Difference Vegetation Index (NDVI; Rouse et al. 1973) or similar indices and LAI have been
established in the past, which may seem valid for early vegetative growth stages, where
LAI and chlorophyll content develop simultaneously. However, a better and more direct
estimation of LAI is possible when red edge and NIR (Kira et al. 2016, 2017; Richter et al.
2012; Viña et al. 2011) and the SWIR domain, which provides information on cellulose
accumulation (Jacquemoud et al. 1996), are analysed simultaneously.
Hyperspectral systems, together with physically based or hybrid retrieval methods, can
help to improve the estimation accuracy of LAI by providing simultaneous sampling of
the chlorophyll absorption, the red edge, the NIR shoulder and the SWIR (Lee et al. 2004;
Liu et al. 2016). This allows assessing the variable LAI directly and discriminating the
structural variable LAI from the biochemical variable leaf chlorophyll content (LCC). It
has to be noted that rather precise LAI mapping is also possible with advanced multispectral observation systems, such as ESA’s Sentinel-2 Multispectral Imager (MSI), which also
covers the spectral domain that is important for measuring LAI. For precise LAI mapping
it nonetheless is important that the observation and illumination geometry is well known,
because the spectral signals of LAI and observation angle overlap strongly in the NIR
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shoulder region. Consequently, only retrieval methods that are capable of considering nonlinear angular effects are suited for LAI retrieval, such as the inversion of canopy reflectance models. These models, among them the PROSAIL model being the most prominently
applied model in the last years for (agricultural) vegetation studies (Berger et al. 2018;
Jacquemoud et al. 2009), originally are of a hyperspectral nature, because they have been
developed based on laboratory spectroscopy. Using hyperspectral observation systems in
combination with hyperspectral canopy reflectance models thus is expected to improve the
stability of LAI mapping from time-series observations, which usually are composed of
images with different observation and illumination angles.

3.2.2 Average Leaf Inclination Angle
The flux of solar radiation per unit leaf area is directly determined by the angle of a leaf’s
surface to the horizontal, i.e. the leaf angle. Whereas steeper leaf angles enhance the light
capture during low solar zenith angles (early morning/late afternoon and winter), they
decrease the light absorption during higher solar zenith angles (midday and summer; Falster and Westoby 2003). Therefore, the leaf angle is one of the essential factors for plant
thermoregulation, avoiding overheating during midday/summer, while at the same time
increasing water use efficiency (King 1997).
The leaf inclination angle distribution (LAD) is commonly categorized into six typical types: spherical, planophile, erectophile, uniform, extremophile or plagiophile (Liang
2003). Several mathematical functions, i.e. leaf inclination distribution functions (LIDF),
have been proposed to describe LAD, such as polynomial, ellipsoidal or elliptic distribution, which in turn can be characterized by the average leaf inclination angle (ALA; Jacquemoud et al. 2000). In particular, the ellipsoidal function has been successfully implemented for the SAIL model (Jacquemoud et al. 2000). ALA and LAD also show dynamic
behaviour both in diurnal and seasonal cycles, while they may also vary in different canopy
layers. In the early morning hours, leaves tend to be more horizontally inclined. Under
the influence of sunlight, the transpiration stream in the xylem is activated and the leaves
assume a more erect position due to increased cell turgor. Seasonally, growing plants initially penetrate the Earth’s surface with vertically inclined leaves. The leaf angle then gradually declines with progressing phenology until the leaves eventually go limp, either temporarily in phases of drought, or finally when the plant matures.
ALA is of prominent interest for farming because measuring leaf angles helps keeping track of the phenological development and potentially allows detecting drought situations (Zhou et al. 2017). Due to its impact on radiative transfer, it also is a very important
input parameter for surface energy balance modelling, which is a prerequisite for growth
modelling.
Increasing leaf angles lead to reduced reflectance in the NIR shoulder region. This spectral effect is similar to that of decreasing LAI, so that the discrimination of ALA and LAI
induced effects on canopy reflectance is difficult (Atzberger 2004). Both structural variables are the dominant drivers of canopy reflectance with the exception of soil reflectance
in sparse canopies. However, hyperspectral sensors that equally resolve the NIR shoulder
and the far SWIR potentially can help to discriminate these two vegetation traits.
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3.2.3 Albedo
The albedo of (vegetated) land surfaces is a non-dimensional ratio of the radiation flux
reflected from a surface unit into the whole hemisphere and the incoming irradiance from
the upper hemisphere (CEOS 2017). Technically, albedo is known as the bi-hemispherical reflectance factor (BHR; Schaepman-Strub et al. 2006), with a value range from 0 to
1. Albedo belongs to the group of Essential Climate Variables (ECV) as defined by the
Global Climate Observing System (GCOS) and requires measurement uncertainty of maximal 5% (0.0025) for climate change monitoring purposes.
Moreover, albedo is an essential input parameter for the calculation of evapotranspiration (ET; Su 2002). ET, combining evaporation and transpiration fluxes from the vegetated surface to the atmosphere, plays a key role in the water and energy balance on the
Earth’s surface and thus is of particular interest for agriculture regarding irrigation management (D’Urso et al. 2010). The advantage of hyperspectral satellite data in estimating
surface broadband albedo can be found in the continuous sampling of the electromagnetic
spectrum.

3.2.4 Fractional Vegetation Cover
The fractional vegetation cover (fCover) corresponds to the complement of the gap fraction
in nadir direction (Weiss et al. 2000). FCover is intrinsic to the vegetation canopy implying
that it does not depend on illumination geometry. Since fCover belongs to the group of the
main biophysical variables and is involved in agriculturally relevant surface processes such
as erosion or interception of precipitation, it sometimes can be considered as an indicator
of land degradation and thus is important for regional and global climate (change) modelling, and global change monitoring (Jiménez-Muñoz et al. 2009). Fractional cover is a variable that normally becomes visible at scales below the geometric resolution of optical sensors (e.g., Gitelson 2013). Delineation of fractional cover therefore is a prominent example
for spectral unmixing techniques, where hyperspectral data provide improved unambiguousness compared to multispectral data, as has been demonstrated for example by Asner
and Heidebrecht (2002).

3.2.5 Fraction of Absorbed Photosynthetically Active Radiation
The fraction of absorbed photosynthetically active radiation (fAPAR) constitutes a key
variable for the energy and carbon balance of ecosystems for various temporal and spatial
scales (Gobron and Verstraete 2009). fAPAR depends on canopy structure, optical properties of plant components and on illumination conditions and is very useful as input to a
number of primary production models and thus to agricultural information systems.
Today, several operational coarse resolution fAPAR products are available, approximating the daily-integrated value (e.g., the 10:30 solar time instantaneous black-sky fAPAR at
time of sensor overpass). NASA, for instance, provides MODIS/TERRA fAPAR Collection 5 products (MOD15A2) continuously since 2000 through the U.S. Geological Survey
portal (Martínez et al. 2013).
The use of hyperspectral data for fAPAR delineation seems logical, because only continuous spectral sampling over the VIS spectral domain can measure the amount of radiation that is absorbed by the leaf. Since fAPAR and fCover are secondary variables, which
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are calculated from primary state variables such as LAI and LCC describing structure and
optical properties of leaves and canopy (Weiss et al. 2000), highly accurate estimations of
primary state variables from hyperspectral data also contribute to improved information on
secondary variables.

3.2.6 Solar‑Induced Fluorescence
Solar radiative energy absorbed by chlorophyll molecules in leaves will exit the leaf again
via three main de-excitation mechanisms: (1) driving photosynthesis, (2) excess energy
dissipation as heat or (3) re-emission in the form of chlorophyll fluorescence (ChlF; Maxwell and Johnson 2000). Since these three mechanisms are coupled, ChlF emitted by vegetation can be seen as indicator of the instantaneous plant photosynthetic functioning (e.g.,
carbon fixation). ChlF carries information on LUE and therefore captures the dynamic
behaviour of photosynthesis, or gross primary productivity (GPP), at the relevant scale
(Porcar-Castell et al. 2014; Zarco-Tejada et al. 2013a, 2016). Indirectly, ChlF can be used
to detect stress in the actual functional status of vegetation before a response in LCC or
LAI becomes visible (Meroni et al. 2009). Remote sensing techniques offer the unique
ability to assess photosynthesis continuously over large areas by quantifying solar-induced
chlorophyll fluorescence (SIF) from satellite or airborne platforms. Unfortunately, the signal is very small compared to land surface reflectance, so that the radiometric sensitivity
of the sensors in most cases limits the geometric resolution of SIF that can be achieved.
Due to that, the use of unmanned aerial vehicles (UAV) for near-range SIF sensing is
promising for some agricultural applications: e.g., key drought-related variables could be
obtained via ChlF signals using a micro-hyperspectral imager on board a UAV (Murchie
and Lawson 2013; Zarco-Tejada et al. 2012). Moreover, ChlF imaging is recognized as a
well-established effective tool for the assessment of bacterial, fungal and viral infections
on crop leaves (Bauriegel et al. 2011). For a comprehensive review of the topic see Meroni et al. (2009). Multispectral systems are not able to provide appropriate SIF signals for
land surface applications, because the SIF signal is obscured by the bright reflectance of
the land surface in the far red. To discriminate the SIF signal, very high spectral resolution is required to measure the fluorescence spectrum within the two oxygen absorption
bands (O2A and O2B), where interference with land surface reflectance is avoided. Data of
this kind will for instance be provided by the FLEX (Fluorescence Explorer) mission. The
FLORIS (Fluorescence Imaging Spectrometer) instrument on FLEX will provide very high
spectral resolution data with 0.3 nm in the spectral domain of the oxygen absorption bands
(Coppo et al. 2017). To discriminate the different energy pathways in the leaf, also leaf
temperature and the amount of absorbed photosynthetically active radiation (APAR) must
be measured. While the temperature measurements can be provided by thermal imagers,
e.g., in the case of FLEX this is achieved through a tandem orbit with Sentinel-3, APAR
can be measured via spectroscopy. Remote measurements of photosynthetic activity via
SIF therefore combine high spectral resolution and spectrally continuous sampling and
thus are a true and exclusive hyperspectral application.
Currently, the limited spatial resolution of spaceborne SIF instruments—the future
FLEX mission, for instance, will provide 300 m geometric resolution—does not allow
small-scale precision farming applications of SIF products. Newest findings, however,
reveal that SIF can potentially be used to discriminate between different sources of crop
stress, e.g., water-, temperature-, nitrogen-stress (Ač et al. 2015), making SIF measurements one of the most promising future applications in precision farming. To optimally
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exploit SIF signals from large areas for practical farming, future hyperspectral satellite sensors should aim to simultaneously provide adequate high spectral (~ 0.3 nm) and high spatial resolution (~ 20 m).

3.3 Soil and Land Cover Variables
3.3.1 Soil Organic Carbon Content
Soil organic carbon (SOC) content is a key soil property. Hyperspectral remote sensing
of SOC effectively supports the identification of several environmental concerns, such as
soil erosion (e.g., caused by tillage), salinity or soil contamination (Vaudour et al. 2016).
Numerous studies have demonstrated the usefulness of imaging spectroscopy to predict
SOC compared to time-consuming field-based methods (Castaldi et al. 2018; Forkuor et al.
2017). A good overview of the use of airborne hyperspectral imagery for the monitoring of
SOC contents at within-field scale is given by Vaudour et al. (2016).

3.3.2 Land Use/Land Cover
The ability of hyperspectral sensors to differentiate terrestrial features by unique spectral
signatures is very valuable for classifying distinct land use/cover features, in particular of
the vegetative (cropped) surface. Accurate and detailed land use and land cover monitoring
is a prerequisite for documenting farming activities such as crop rotation, or intertillage in
particular for large agricultural areas. Several studies exploited hyperspectral data capabilities for agricultural land cover classifications and found improvements over multispectral
data (Thenkabail et al. 2004). From a practical farming point of view, increased information depth of land cover maps is of particular interest. Hyperspectral sensors providing
detailed spectral analysis of pigment composition can be a key for species and/or weed
discrimination (Sykas et al. 2013).

4 Advantages of Hyperspectral Versus Multispectral Sensing
in an Agricultural Context
The rare availability of spaceborne hyperspectral sensors has led to an exchange of
arguments between promoters of multispectral and hyperspectral data. Since the construction of hyperspectral sensors compared to multispectral instruments is complicated
as well as expensive, users of hyperspectral sensing are encouraged to carefully justify
the requirement for high spectral resolution as well as for full spectral coverage for their
specific application. While the positive aspects of high spectral resolution can easily be
demonstrated for specific applications (e.g., high spectral resolution is needed to discern narrow absorptions of different pigments for vegetation studies, see Sect. 3), the
benefits generated from spectrally continuous sampling cannot be explained in such a
straightforward way. In some cases, the detection problems in the case of vegetation
can indeed be solved by adding one or two very specific bands, while still maintaining a
multispectral setup. For instance, the ESA Sentinel-2 MSI was equipped with two extra
bands that now can be used to characterize the shape of the chlorophyll absorption. For
vegetation science in an agricultural context, the benefits from continuous spectral sampling rather can be found in the fact that the spectral response of different biophysical/
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biochemical traits are interacting with each other across different parts of the electromagnetic spectrum. Changes in canopy structure, which can be observed in the NIR/
SWIR, will influence the way in which variations in plant chemistry can be observed
in the VIS. Constructing observation systems that are capable of tracking only selected
parts of the spectrum thus limits the quality of the analysis.
The exhaustive description of variables with relevance for practical farming in
Sect. 3 has shown that the number of different traits targeted with remote sensing
largely exceeds the number of spectral bands of conventional multispectral sensors. To
avoid underdetermined problems, additional spectral measurements are inevitable. Consequently, hyperspectral approaches already have contributed largely to a more effective
and more detailed use and exploitation of remotely sensed data in precision agriculture
(Nellis et al. 2009). Several studies exploited hyperspectral data capabilities for agricultural land cover classifications. For agricultural crop species discrimination, Thenkabail et al. (2004) found an increase in classification accuracy of up to 43% when using
hyperspectral bands compared to broadband Landsat (ETM +). Although there are many
examples for improved retrieval accuracy, in some cases hyperspectral data may not provide significant improvement for variable retrieval (Broge and Leblanc 2001; Spanner
et al. 1994). Even then, hyperspectral data have large potential to reduce retrieval uncertainties and thus enhance accuracy and stability of the biophysical and biochemical
products indirectly. Although some studies confirm this, e.g., Liu et al. (2016), Richter
et al. (2012), Verrelst et al. (2016), still more research is needed to properly quantify the
gain of hyperspectral measurements compared to multispectral data for specific applications. Generally, advantages of imaging spectroscopy for agriculture can be summarized
as follows:
• Higher accuracy of variable retrieval (Lee et al. 2004; Liu et al. 2016);
• Reduced uncertainties in space and time (Ustin et al. 2001);
• Improved automatic interpretation of EO signals by spectrally separating atmosphere,
soil, leaves and canopy effects, since ambiguities are reduced;
• Higher accuracy of crop species discrimination (Thenkabail et al. 2004).
• Novel approaches that provide access to variables hidden for multispectral sensors, e.g.,
SIF.

To make these potentials of hyperspectral data accessible for agricultural management, preprocessing is required to address the problems associated with the high spectral dimensionality provided by hyperspectral sensors: long processing times and the “curse of dimensionality” or Hughes phenomenon. Several approaches exist to solve these issues and to
concurrently optimize the retrieval of the variables of interest. In the spectral domain, for
instance, feature (band) selection, feature extraction or dimensionality reduction (DR) techniques can be applied (Rivera-Caicedo et al. 2017; van der Maaten et al. 2009). This may
include band selection procedures for individual variable retrievals, as for instance performed by Verrelst et al. (2016), who, using two airborne hyperspectral datasets, identified
the most sensitive spectral bands for LCC, LAI and CWC measurements. Another example
for successful band selection was provided by Thenkabail et al. (2004), who identified a
hyperspectral set of optimal bands that best characterize agricultural crop types. The benefits of hyperspectral sensing for crop discrimination can be traced to the fact that different
cultivars may show subtle differences in colour (the green colour of the leaves either shifting towards the blue or towards yellowish tones), which cannot be resolved by multispectral sensors. This positive aspect of hyperspectral sensing so far has not been adequately
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studied and provides a promising opportunity for more research, once hyperspectral sensing from space becomes operational.
Apart from the discipline-specific advantages listed above, bringing hyperspectral
observation systems into orbit also enables the use of one sensor for a wide range of different applications. While high spectral resolution may be required for water analysis
above all in the VIS, geological applications will require the same spectral resolution in
the SWIR. Vegetation studies again, be it for agricultural applications, for natural ecosystems research, or for combined studies investigating the neighbouring effects of managed
and natural vegetation, will require the full range of the spectrum. Instead of constructing
a number of different multispectral satellites tuned to either application, a hyperspectral
sensor can easily serve different applications and the data may be shared across disciplines
following the “one key fits all” principle.
Almost no experience so far exists with the use of spaceborne hyperspectral EO, simply because no operational high-quality system has successfully been installed yet. The
new kind of data expected from future hyperspectral spaceborne EO missions may enable
the development of innovative analysis methods and applications. Hyperspectral algorithm
development for vegetation studies so far has been mostly limited to airborne data, which
is very heterogeneous in quality, temporal availability and spatial coverage. Hyperspectral
algorithms thus are limited in terms of transferability across sensors and space and cannot
make full use of the temporal signal, which is of predominant importance for vegetation
studies. The temporal characteristics of vegetation development will perfectly be incorporated in hyperspectral time-series, because spaceborne hyperspectral systems will enable
repeated measurements of the reflectance of the Earth’s surface with homogeneous quality
and characteristics all around the globe by applying the same instrument at every location
(Houborg et al. 2017).
The installation of hyperspectral sensors thereby will not make the construction of multispectral systems obsolete, but rather will trigger new developments also in the multispectral domain. For instance, the adding of specific spectral bands to multispectral observation
systems to assist detecting specific phenomena, such as red edge, can be traced back to
hyperspectral studies, which have been used to define the position of these bands (Clevers
et al. 2001).
Due to the contradicting effects of increased information content, which comes along
with increased noise, the margins of increased accuracy may only be small for some variables. However, most of the variables retrieved from remote sensing are not used directly,
but rather are assimilated into complex decision support information systems (e.g., Hank
et al. 2015). According to the laws of error propagation, even small margins of increased
accuracy may reduce uncertainties in a processing chain significantly. Besides that, some
variables can only be uniquely addressed with hyperspectral sensors, because narrow-band
high-resolution data are required with the ability to discriminate components that may be
grouped by multispectral bands (Adão et al. 2017):
• Hyperspectral data offer the possibility to retrieve biochemicals via specific pigments
such as chlorophyll, anthocyanins or carotenoids, and thus give farmers access to primary production, pest and disease monitoring.
• Hyperspectral data allow discriminating the absorptions of atmospheric water vapour
from those of cellulose and lignin to quantify non-photosynthetic vegetation and thus
give farmers access to improved crop residue management.
• Hyperspectral data support the discrimination of the three phases of water (ice, liquid,
gas; Green et al. 2006) and thus give farmers access to plant water status monitoring.
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• Hyperspectral data can help to discriminate protein absorptions from the overlaying
cellulose, lignin and water absorptions and thus give farmers access to improved fertilization efficiency monitoring.
• Hyperspectral sensing, by combining the strengths of high resolution and wide range
continuous spectral sampling, is the only technique that allows tracing the pathways of
energy transformation in the leaves of living vegetation via solar-induced fluorescence
and thus gives farmers access to investigating impacts of different stress sources (temperature, nitrogen, water).

5 Mission Requirements
This paper reviewed the potentials of spaceborne spectroscopy missions for agriculture. It
largely discussed aspects of EO, which have not been sufficiently addressed with currently
available EO systems. The elements described in this study rather draw a picture of possible improvements and new possibilities using future operational imaging spectroscopy
space missions. The following collection of requirements, where no claim is made of completeness, is meant to shape this vision with special emphasis on the challenges, which are
encountered when applying hyperspectral data in the context of practical agriculture.

5.1 User Requirements for Satellite‑Based Technologies
Providing large amounts of satellite data will not per se contribute to the implementation of
more efficient farming strategies. Users of satellite-based information in practical agriculture rather require elaborated information products, which must be tailored to the specific
needs of farm management. The continuous stream of data, which is generated by EO missions, must be transferred into information products, which assist farmers with decisions on
management actions such as irrigation, fertilization or plant protection. A selection of biophysical and biochemical variables, also defined as Level 2B/3 products including fAPAR,
LAI, fCover or LCC, is usually generated by special service providers such as the Sentinel
toolboxes (Weiss and Baret 2016). To integrate the satellite-based measurements into farming practice, these variables identified as agriculturally relevant in Sect. 3 (Table 1) need
to be further refined to directly address the requirements of individual farmers for specific
farming decisions. For instance, for fertilization planning, the absolute amount of nitrogen
(N) actually stored in the leaves and especially in the grains as well as the remaining N
storage in the soil is needed (in kg N ha−1). For plant protection and yield management,
spatial maps of dry biomass in leaves, stems and grains, provided in units of g dry matter
m−2 ground surface, are important. The biophysical and biochemical agriculturally relevant
variables, which are directly derived from remote sensing, therefore must be processed to
higher-level information products, e.g., by assimilating them into models of agricultural
production and by embedding them into integrated information systems, which then provide decision-supporting guidance to farmers. To render these EO products valuable for
precision agriculture and to increase their acceptance in practical farming, according to the
experience of the authors, the following user requirements apply:
• Data Accuracy Accuracies must be optimized and remaining uncertainties must be
clearly defined. According to the laws of error propagation, even small margins of
increased accuracy at the beginning of a processing chain can have large impact on the
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accuracy of the final result. This applies especially for the variables retrieved from EO,
which are used as spatial input parameters for models of agricultural production. As has
been elaborated in Sects. 3 and 4, hyperspectral data can help minimizing uncertainties by providing measurements of very specific variables and by contributing to more
accurate and stable retrievals. Accuracies with respect to information content must
exceed the expert’s present capabilities of estimating a variable’s value. Uncertainties
of satellite-based products normally are defined through comparison with in situ measurements. These measurements again are subject to errors depending on the variable
measured and the sampling method applied. The error of the in situ measurement thus
defines the maximum detectable accuracy of a satellite measurement. In order to base
the decision-making of farmers on remotely sensed products, the retrieval uncertainties therefore should not exceed the uncertainties of in situ measurements. However,
one has to realize that in situ measurements mostly are point measurements, whereas
farmers need so-called task maps, indicating zones in a field that should be treated as a
separate unit with respect to irrigation, fertilization or plant protection. A big advantage
of satellite data is the provision of spatial data or maps.
• Spatial Accuracy Most information in the context of precision farming refers to spatial
datasets, which provide decision-supporting guidance to farmers by being used as mapoverlay for the spatial execution of actual management measures. Since spatial applications in practical farming are frequently based on very high precision navigation, such
as real-time-kinematic (RTK) in combination with auto-steering, geometric accuracy
must be high, i.e. in the metre domain.
• Time Constraints Growing crops is a temporally highly dynamic process, which
requires different management decisions throughout a growing cycle. For all decisions,
up-to-date spatial information on crop and/or soil status is required. Three important
time-related aspects must be considered: sensor repetition rate, time for data-processing
and transfer of the products to the users. Since farm management measures usually are
planned in accordance with the short-term weather forecast, the actual design of the
measures occurs on very short notice, i.e. one or two days in advance. Near real-time
transfer of the EO-based information products to the users thus is fundamental. Since
the satellite data must be processed and ingested into the final information products, the
transfer time of the actual satellite data to the value-adding agents must be kept as short
as possible (< 3 h).
• Cost Efficiency Apart from ecological motivation, profit is the major driver in agricultural innovation. The amount of money a farm is going to invest in optimized production depends on the revenue, which is expected from the measure. For site-specific
measures, the potential savings in terms of labour, fuel, machinery hours, fertilizers,
plant protection agents, water, etc. and the potential increase in revenues in terms of
higher yield levels and higher yield quality largely depend on the spatial heterogeneity
of the managed sites. The willingness to invest in spatial information therefore depends
on the cost efficiency of the solution.

5.2 Observational Requirements for Satellite‑Based Technologies
As has been described in Sect. 4, hyperspectral satellite missions can potentially be
applied to a wide range of different scientific and practical questions. The technical
requirements for an imaging spectroscopy mission should not be exclusively driven by a
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single application. Nonetheless, from the user requirements for agricultural applications
listed in Sect. 5.1, some requirements for the design of satellite missions can be derived:
• Spatial Resolution The central application of satellite data in agriculture is improved
spatial parameterization of models, which are used as decision support systems for
site-specific management measures. The requirements for spatial resolution thus are
determined by the spatial detail with which farmers are capable of applying measures on their fields. This level of spatial detail currently is limited by the size and
type of the available agricultural machinery (fertilizer spreaders, irrigation systems,
etc.). Fertilizer spreaders, as they are nowadays applied, usually have working widths
of 40 m. A ground sampling distance (GSD) of 20 m thus would optimally resolve
ground heterogeneities for the use with these machines, while a GSD of 30 m can be
considered to represent the upper limit. However, technology is constantly evolving
towards finer resolution. For instance, newest spreader and irrigation systems allow
for an independent adjustment of individual sprayer nozzles along the boom. A GSD
of 10 metres consequently should be targeted for future missions.
• Spectral Resolution Biophysical/biochemical information exhibits various absorption types. For proteins, lignin and cellulose, exhibiting rather shallow but broad
absorption features, moderate spectral resolution of about 10 nm in the SWIR seems
to be adequate. Other variables instead, such as anthocyanin and carotene, show
more narrow absorptions in the VIS and therefore should be addressed at higher
spectral resolutions of approx. 6 nm. This level of spectral resolution seems reasonable for spaceborne missions from a technical point of view. However, for the
exploitation of SIF signals on the land surface very high spectral resolution < 3 nm
would be required. The provision of such high spectral resolutions conflicts with the
requirements for spatial resolution described above.
• Spectral Coverage According to Fig. 3, the spectral features which give access to
biophysical/biochemical properties are distributed over a spectral range between 400
and 2500 nm. While some variables can be targeted through specific narrow absorptions, others require analysing contiguous bands. The so-called full range spectral
coverage thus should be aimed for.
• Radiometric Quality Especially for hyperspectral systems, where the limited amount
of available reflected energy is divided into small portions of the electromagnetic
spectrum, radiometric quality is of utmost importance for the success of a satellite
mission. Since the analysis of vegetation biophysical/biochemical properties is based
on different parts of the spectrum, the considered absorptions can either be narrow
or shallow or both. Accurate variable retrieval requires both, high signal-to-noise
ratio (SNR) as well as high radiometric resolution. Since SNR is highly determined
through the characteristics of the detector, it usually decreases with increasing wavelength. For the agriculturally relevant variables addressed by this study, a minimum
SNR of approx. 500 in the VNIR and not lower than 150 in the SWIR should be targeted.
• Radiometric Resolution Imaging spectroscopy is characterized by high amounts of
data. To ensure the success of spaceborne missions, it would be reasonable to keep
data rates as low as possible. However, to adequately resolve also subtle differences in
reflectance as caused by shallow absorptions, at least 14-bit quantification should be
aimed at.
• Repeat Cycle The data from an operational mission can be used in nearly all stages of
the crop cycle. The phenological development of crops occurs in time-steps of weeks
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rather than months. Taking the problems of cloud cover for an optical mission into
account, a revisit time of 5 days would be optimal.
• Platform Agility Atmospheric correction is a very important but also critical task for
the proper use of hyperspectral imagery. Hyperspectral atmospheric retrieval algorithms, being developed based on airborne measurements, are able to deal with reflectance anisotropies. Thus, repeated data takes for the compilation of time-series do not
necessarily need to be conducted at nadir but could also be achieved through acrosstrack pointing. Vegetation canopies show strong anisotropy effects through various
geometric complexities. Therefore, pointing capabilities of future satellite sensors, both
across and along track, could help to improve variable retrieval and thus could trigger
the development of new or more sophisticated multiangular retrieval techniques.
• Spatial Coverage Since agriculture happens globally and ensuring food security is a
global challenge, the data should at least cover the global croplands between 49°S and
66°N, amounting to 1.873 billion hectares of land surface (Thenkabail 2017).
• Data Policy The successful transfer of environmental information into practical agriculture largely depends on the acceptance of the guiding information by farmers. Acceptance is generated from high quality and reasonable pricing of the data products. Taking into account that the actual value for practical farming cannot be found in the data
itself, but rather enters the product by processing and value adding, data costs should be
kept as low as possible. Apart from commercial applications, continuous high-quality
data from a hyperspectral mission would also be important for science and education.
Following the example of large operational missions such as Landsat or Copernicus,
also the data from future hyperspectral missions should be open, free and easily accessible.
The technical requirements summarized in this section were compiled from a scientific
point of view, mostly neglecting technical and financial difficulties. Although we took care
not to reach too far from technical feasibility, we are aware that not all of the listed requirements will be feasible in the short term and not by one sensor only. Possible trade-offs
between the different requirements therefore must be taken into account, which may be
judged very differently depending on the application. We believe that some of the valuable
work currently done in the context of preparing spectroscopy missions worldwide should
be directed to define priorities for technical requirements in a quantitative way.

6 Challenges and Future Directions
Currently observed large-scale global developments, such as climate, population and land
use changes, challenge the suppliers of food, fibre and energy to a most efficient use of the
bioproductive land surface. This paper aimed at summarizing the potential contributions of
spaceborne imaging spectroscopy to increased efficiency in practical farming and derived
some user and mission requirements from the state of the art as it has been documented in
the literature. Although scientific techniques, such as multi-sensor data fusion and 3D modelling, potentially allow for using spaceborne data also for very small-scale applications,
we think that the main use of future spaceborne imaging spectroscopy data in operational
precision farming will take place on the spatial scale of the satellite data. Accordingly,
the findings with respect to the variables and retrieval techniques described here mainly
apply to homogeneous crop farming, i.e. to crops that form geometrically homogeneous
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stands compared to the observation scale of spaceborne sensors and which are cultivated
in areas with individual field sizes in the order of 1 hectare and above. Special cultures like
vineyards, orchards, plantations may have different requirements, mostly with respect to
spatial resolution (e.g., Zarco-Tejada et al. 2013b), which were not reflected in the mission
requirements summarized in Sect. 5. Also, smallholder farming, which still is practized
on about 12% of global farmland (Lowder et al. 2016), probably will most likely not be
able to adapt the new technologies in near future. Efficiency in agriculture is not limited to
crop farming; a large part of farming is concerned with livestock husbandry. This implies
for instance the monitoring of different grassland biophysical or biochemical variables for
the derivation of management characteristics such as degradation or grazing intensity. In
summary, for the case of homogeneous crop farming, several variables have been identified
and described, which can be measured by hyperspectral sensors and which provide crucial
information for decision support tools in the context of farm management. The door for
those tools, to enter into practical farming, already is wide open because of several reasons:
• Service providers exist and are growing, who offer EO-based information in an integrative way, so that farmers do not need to specialize in Earth Observation or Geographical Information Systems themselves.
• Most of the farming equipment installed today is capable of performing at least simple
variable rate applications, e.g., through variable forward motion speed, which can be
used for site-specific management measures. Meanwhile, technology is rapidly evolving, continuously introducing new site-specific management options. The concept of
fertigation, where fertilization and irrigation management are coupled through a single
spreader system, is one example.
• Finally yet importantly, farmers already are used to trust spectroscopy measurements,
because near-infrared spectroscopy (NIRS) is a standard tool in animal feed analysis (e.g., for measuring residual moisture, crude protein, crude oils and fats, starch,
sugar, acid/neutral detergent fibre). However, spectroscopy in agricultural practice so
far mainly is limited to laboratory spectroscopy and/or near-range measurements, e.g.,
inside harvesters.

To introduce information derived from spaceborne spectroscopy into agricultural management practice, farmers need to be convinced. They will base their decisions on satellite
spectroscopy, if high quality and high stability of the spatial measurements can be demonstrated and confirmed. This can only be achieved through global satellite missions, which
are operated based on a dedicated acquisition plan. If high-quality datasets can be compiled on a regular basis, this would allow for a frequent collection of in situ data through
dedicated field campaigns and long-term instrumented outdoor research sites. The high
spatial and temporal coverage as well as the fact that the same instruments are globally
applied through a satellite mission will allow for testing the transferability of all retrieval
approaches that have been developed so far using ground-based or airborne data. Moreover, future hyperspectral spaceborne data sets will trigger the development of new and so
far unknown applications. The sensor requirements for measuring relevant agricultural variables are very diverse. An imaging spectrometer designed according to the requirements
summarized in this document surely is the key to answering some of the questions. Nevertheless, some applications will require different specifications that cannot be achieved
with a single instrument. For example, the exploitation of SIF for agricultural purposes
will not only need a high-resolution full-range spectrometer, but will additionally require
ultra-high spectral resolution in selected parts of the electromagnetic spectrum and surface

13

Surveys in Geophysics (2019) 40:515–551

543

temperature measurements at the same time. Installing different instruments along one
orbit to follow each other in a so-called train constellation would be a sensible strategy,
allowing the integration of new technologies into the chain as they become available. Also,
vegetation is a dynamic surface, which shows strong diurnal and seasonal variations. To
exploit the full potential of multiangular observations, a tandem concept of two identical
instruments in parallel flight could be envisioned. Current ambitious satellite programs,
such as the ESA Copernicus program, already have proven that Earth Observation activities with data rates in the domain of 10 Petabyte per year are technically feasible. The even
increased data rates expected with high-resolution spectroscopy missions will pose new
challenges for efficient data downlinking, data storage and data distribution. Advanced onboard processing strategies should be developed to mitigate the data rate problems.
Although information derived from spaceborne imaging spectroscopy can be applied
to increase efficiency in agricultural production, one question cannot yet conclusively be
answered: Will increased efficiency in agricultural production also result in sustainability, and if so, to what degree? This issue will have to be investigated by future long-term
studies.
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